We examine the Croatian Kuna, the Czech Koruna, the Hungarian Forint, the Polish Z loty, the Romanian Leu, and the Swedish Krona whether their Euro exchange rates volatility exhibits true or spurious long memory. Recent research reveals long memory in foreign exchange rate volatility and we confirm this finding for these currency pairs by examining the long memory behavior of squared residuals by means of the V/S test. However, by using the ICSS approach we also find structural breaks in the unconditional variance. Literature suggests that structural breaks might lead to spurious long memory behavior. In a refined test strategy, we distinguish true from spurious long memory for the six exchange rates. Our findings suggest that Czech Koruna and Hungarian Forint only feature spurious long memory, while the rest of the series have both structural breaks and true long memory. Lastly, we demonstrate how to extend existing models to jointly model both properties yielding superior fit and better Value-at-Risk forecasts. The results of our work help to avoid misspecification and provide a better understanding of the properties of the foreign exchange rate volatility.
Introduction
Since the collapse of Bretton Woods in 1973, currencies of most economies are floating exchange rates which create the need for currency risk management for cross country transactions. In recent research the main impact factors such as interest rate, inflation, or the trade level of the country have been widely investigated (i.a. Anderson et al., 2003 , Taylor & Taylor, 2004 , Engel & West, 2005 . This study concentrates on volatility-driven foreign exchange forecasts since volatility is a crucial component indicating the stability of a currency and related trade volume (Yang & Gu, 2016) . Further, exchange rate volatility has a vital impact on risk management strategies for investors with trades affected to foreign currencies.
The property of long memory of a financial time series refers to long lasting, i.e. slowly decaying, autocorrelation effects in conditional returns or volatility (Baillie, 1996) . In time discrete modeling, this effect can be depicted by fractional differencing (Hosking, 1981) .
Many types of financial time series are reported to attribute long memory in their variance; e.g. individual stocks, stock indices, commodities, and foreign exchange rates (i.a. Baillie et al., 1996 , Chkili et al., 2014 .
However, it is proven that sudden structural changes can falsely imitate the behavior of long memory (Granger & Terasvirta, 1999 , Diebold & Inoue, 2001 , Granger & Hyung, 2004 . Mikosch & Starica (1999) examine the case of switching between two volatility processes and show that it leads to spurious long memory in variance. In fact, several studies separately examine either long memory or structural breaks. Engel & Hamilton (1990) find long swings in the currencies of Germany, France, and U.K. against the U.S. Dollar. This finding is supported by other studies, revealing regime switches or structural breaks in foreign exchange rates (Bollen et al., 2000 , Rapach & Strauss, 2008 . Focusing on long memory, various authors suggest its existence in the returns or the volatility of exchange rates (Cheung, 1993 , Souza et al., 2008 . Moreover, some literature copes with spurious long memory in variance (Yalama & Celik, 2013 , Charfeddine, 2014 , Shi & Ho, 2015 , Charfeddine, 2016 .
In this work, we focus on countries of the European Union which have not implemented the Euro. Some of them are candidates for joining the European Monetary Union (EMU).
This approach limits the data period as early as the general introduction of the Euro in 11 countries in 1999. The examined countries are trading within the European Single Market, hence exchange rates play a vital role for importing and exporting non-EMU countries.
Additionally, we also address countries that are candidates for implementation and examine the impact of EU convergence criteria on the properties of exchange rates. Up to now, literature analyzing volatility of Central and Eastern European foreign exchange rates is scarce. Its importance for the individual countries, investors seeking for diversification, and firms-importing and exporting-seems to be neglected, albeit the fact that EUR, USD, JPY, and GBP are much more liquid and do have different characteristics. Murinde & Poshakwale (2001) examine the volatility of Eastern and Central European currencies by means of various volatility models. Kočenda & Valachy (2006) analyze the foreign exchange rates volatility of the Visegard countries. Their findings suggest that changing to a free floating regime increases the volatility compared to a fixed regime. Frömmel (2010) uses a Markov-Regime-Switching volatility model to analyze the currencies of Czech Republic, Hungary, Poland, Romania, and Slovakia. Bȩdowska-Sójka & Kliber (2010) investigate various volatility models and its usage for the Polish Z loty. Horobet et al. (2016) use a Hodrick-Prescott filter to examine volatility for Croatia, Czech Republic, Hungary, Poland, Romania, Russia, Serbia, and Turkey. Klein et al. (2016) show that long memory can be found in the variance of the Polish Z loty against the Euro.
The contribution of this work to existing literature is at least twofold: Firstly, we advance the technique of identifying spurious long memory in variance. Existing tests are only suited to deal with long memory on a return basis. Secondly, we examine the long memory behavior of foreign exchange rates volatility of currencies which are not part of the EMU. Lastly and most importantly, we demonstrate how to jointly model long memory and structural breaks in conditional variance and show its applicability in a Value-at-Risk prediction analysis.
The remainder is structured as follows: Sec. 2 introduces the conditional volatility models.
In Sec. 3 the data is described and test results for structural breaks, long memory, and spurious long memory are presented. Sec. 4 analyzes the results of the parameter estimation and Value-at-Risk forecasts of the conditional variance models. Sec. 5 concludes.
Methodology
Throughout this paper and especially for the models defined in the subsequent sections, we set for all t = 1, . . . , T :
where µ t denotes the conditional mean structure modeled by an Autoregressive Integrated Moving Average (ARIMA) model of the return series {y t } T t=0 , h t denotes the conditional variance at time t, and F t−1 refers to the sigma-algebra generated by the past of the time series up to time t − 1. The random variable z t stems from a centered and standardized Student's t-distribution with ν degrees-of-freedom as in Bollerslev (1987) .
For the following models, the definition given in (1) holds while we further specify the conditional variance structure. We introduce volatility models to capture the effect of long memory and structural breaks separately and then jointly. As we only present three alternative long memory models with variance shift, it should be noted that several other models exist (Ben Nasr et al., 2010 , Klç, 2011 , Belkhouja & Boutahary, 2011 , Shi & Ho, 2015 . 
Generalized Autoregressive Conditional Heteroskedasticity
The Generalized Autoregressive Conditional Heteroskedasticity (GARCH) model Engle (1982) , Bollerslev (1986) expresses the conditional variance h t as dependent on squared residuals ε 2 t with lags of order q and the predecessors of h t up to order p. Throughout this paper we set the orders of p and q to one. Hence, the GARCH(1,1) can be given by
with the non-negativity conditions ω > 0, α, β ≥ 0 and the stationarity condition α + β < 1.
If α + β = 1, the resulting process is referred to as Integrated GARCH (IGARCH), which is not weakly stationary (Nelson, 1990) .
Fractionally Integrated GARCH
To depict the property of long memory in volatility, one has to choose a very high order of lags and hence, an excessive amount of parameters if using a GARCH(p,q)-framework. In order to be more parsimonious, the alternative is the Fractionally Integrated (FI-)GARCH by Baillie et al. (1996) . The FIGARCH(p,d,q) adds the fractional integration (or long memory)
where L denotes the lag-operator. All parameters must be non-negative and the restriction 0 ≤ β + α ≤ d ≤ 1 must hold. The second line of (2) is the ARCH(∞) representation with λ i calculated from the FIGARCH parameters α, d, and β as shown in . 2 Furthermore, ∞ i=1 λ i < 1 is required for stationarity. Interestingly, if d = 0 FIGARCH turns to a plain GARCH and if d = 1 the special case of an IGARCH, with infinite persistence of shocks, is matched.
ICSS-FIGARCH
In order to adjust FIGARCH to different regimes, a sequential approach combining the volatility models with a preliminary structural break test is implemented. Mansur et al. (2007) use the Iterated Cumulative Sum of Squares (ICSS, Inclan & Tiao, 1994 ) method together with a bivariate GARCH for foreign exchange spot and forward rates. We alter their procedure by using the ICSS variation of Sansó et al. (2004) , which appears more robust towards conditional heteroskedasticity. Firstly, we run the ICSS test and detect B structural break points. Secondly, we augment FIGARCH with dummy variables D i and corresponding parameters ω i for all i = 1, . . . , B. Hence, (2) is altered to:
By doing so, the augmented ICSS-FIGARCH variant depicts the possibility to shift the unconditional variance depending on a given regime. In addition to the parameter restrictions of FIGARCH, the non-negativity is maintained as long as ω i > −ω 0 for all i = 1, . . . , B.
Spline-FIGARCH
A second model variation of the FIGARCH with a time-dependent unconditional variance is the Spline-FIGARCH. Engle & Rangel (2008) present the Spline-GARCH, which we 2 We apply the Fast Fractional Differencing algorithm suggested by Klein & Walther (2017) to obtain the
t−i for FIGARCH and its variants. For each series we set the truncation lag to 5 000.
transfer to long memory FIGARCH. The Spline-FIGARCH(1,d,1,k) can be expressed in the following way:
The process τ t describes the low-frequency variance. Due to the exponential character, no additional restrictions for non-negativity are required. To determine the number of knots k, Engle & Rangel (2008) suggest to use an information criterion. We use the Bayesian Information Criterion (BIC). The choice of knots divides the time series in k + 1 parts of the same length with the change points at t 1 , . . . , t k . Additionally, we suggest to let the ICSS test define the number of knots k = B + 1 and the specific break points t 1 , . . . , t B .
Adaptive-FIGARCH
The Adaptive-(A-)FIGARCH suggested by Baillie & Morana (2009) uses the Fourier flexible function form of Gallant (1984) to vary the unconditional variance over time. The A-FIGARCH(1,d,1,k) reads as follows:
All parameter specifications of FIGARCH have to hold for A-FIGARCH as well. In order to maintain non-negativity in the time-varying unconditional part we use the exponential specification of Engle & Rangel (2008) . Baillie & Morana (2009) We calculate the log returns r t = 100 · log
for all t = 1, . . . , T prices P t . For every time series, we obtain 4433 daily observations. For the out-of-sample analysis, we use the period from January 2, 2006 to December 31, 2015, resulting in a total number of M = 2608
out-of-sample observations for each series.
The descriptive statistics and the preliminary tests are given in 
Test for Structural Breaks
We apply the ICSS variant of Sansó et al. (2004) on the six exchange rate returns. The identified structural breaks in each series are given in Table 2 . Fig. 1 illustrates these breaks.
Most of them can be explained by exogenous shocks or other, country-specific factors.
Most importantly, all series share a similar pattern which is explained by the global contagion of the sub-prime crisis towards the worldwide financial crisis. In 2008, four out of six series feature a break from a low volatility regime or period to a high volatility period. The monetary introduction of the Euro might be a possible explanation.
Despite the wakes of the European debt crisis, ongoing political conflicts within the EU, and a mediocre economic situation without a long-lasting positive trend, the results suggest that all exchange rates are in a stable low volatility regime by the end of the sample period.
Volatility levels are comparable to the period before the sub-prime crisis. Hence, we observe an easing in exchange rate volatility over all currency pairs focused on-some of them caused by central bank interventions in order to comply with EU convergence criteria.
Test for Spurious Long Memory
We begin our analysis by testing the squared returns for long memory using the V/S test (Giraitis et al., 2003 (Giraitis et al., , 2005 .
3 Since the test statistic incorporates an estimator for the autocovariance with Bartlett weights (as in Lo, 1991) , a truncation lag q needs to be chosen.
We select 20, 60, and 120, to capture long run autocovariance.
Our results show that all exchange rates exhibit long memory in squared returns. The test statistics are given in the left panel of The results of the V/S test are given in the right panel of Table 3 and can be compared to the statistics in the left panel. Hence, we assume that for the Czech Koruna and the Hungarian Forint the long memory property is a spurious phenomenon. The other four pairs: Croatian Kuna, Polish Zloty, Romanian Leu, and Swedish Korona feature 'true' long memory. For these four pairs, structural breaks are an additional property and do not interfere with the shock persistence.
Results & Discussion

Parameter Estimations
The results from the Maximum Likelihood estimation for the models presented in Sec. 2 are given in Table 4 For the EUR/HRK pair, we find a high persistence in the GARCH parameters. When incorporating structural breaks, however, the fractional difference parameter d ranges between 0.4425 and 0.5834. We thus conclude that the structural breaks explain some of the persistence and spurious long memory in the Croatian Kuna and the remaining long range dependence can be interpreted as 'true' long memory. This is illustrated by the fact that A-FIGARCH yields the best in-sample fit (LL), but FIGARCH has the better goodness-of-fit (BIC).
For EUR/HUF returns, the picture is somewhat similar to the EUR/CZK results. We find a high persistence of shocks in variance in GARCH, yielding covariance-nonstationary pro- For EUR/PLN, we observe an IGARCH effect in GARCH (α + β = 0.9956), yet the fractional differencing parameter d in FIGARCH is 0.4278. These findings correspond to earlier results of Klein et al. (2016) . Moreover, parameter estimates differ little across the FIGARCH variants. The log likelihood of FIGARCH is slightly lower than of ICSS-FIGARCH, which features the highest LL; yielding the lowest BIC for FIGARCH. In conclusion, EUR/PLN shows evidence that observable structural breaks in variance do not alter the persistence of shocks and we observe 'true' long memory. Regarding the estimates of the EUR/RON currency pair given in Table 8 , we observe similar results as for EUR/PLN. GARCH yields IGARCH parameters. In contrast, the FIGARCH variants yield parameters that depict a long memory process as well as significant break point specific regimes of unconditional variance. The Spline-FIGARCH yields the best fit with respect to LL and BIC.
GARCH FIGARCH
ICSS-FIGARCH
Spline-FIGARCH ICSS-Spline-FIGARCH
Lastly, the EUR/SEK yields more consistent results given in Table 9 . All parameter estimates produce covariance stationary processes. Notably, the d estimates for FIGARCH are much higher than for the FIGARCH variants that allow for structural breaks. Thus, again we observe that the structural breaks explain the persistence of shocks to some extend.
Given the similarity of parameter estimates, the log likelihood of the models is similar as well, yielding the highest LL for ICSS-FIGARCH and the lowest BIC for FIGARCH.
In summary, we detect spurious long memory for the EUR/CZK currency pair. The parameter estimates produce covariance non-stationary processes and strong evidence against 'true' long memory. For the remaining currency pairs, we observe a varying degree of long memory which is still present after allowing for structural breaks in the unconditional variance Table 9 : Estimation results for the log-returns of EUR/SEK. The time series spans January 4, 1999 to December 31, 2015. Rejections of the null hypothesis that parameters are zero is rejected at 10% ( * ), 5% ( * * ), and 1% ( * * * ). LL is the Log-Likelihood, BIC is the Bayesian Information Criterion, LB is the Ljung-Box statistic, and ARCH is the Engle test. The values in bold face indicate the best fit (LL) and goodness-of-fit (BIC).
level. As expected, the fit benefits from modeling a time-varying unconditional variance. This performance is evoked by the existence of different regimes visualized and easily observable in Fig. 1 . The FIGARCH variants with time-varying unconditional variance also result in the best goodness-of-fit, especially for those time series where we observed spurious long memory in advance.
Value-at-Risk Forecast Evaluation
In order to evaluate the models regarding their applicability for risk management, we forecast the Value-at-Risk (VaR) with each model. The VaR is a loss in market value of a portfolio. The probability that it occurs or is exceeded over a given time horizon is equal to a prior defined tolerance level a. It is still one of the most popular risk measures used by financial institutions (Jorion, 2006 , Campbell, 2006 . We define VaR as a conditional quantile (V aR y ) of the forecasted return distribution:
where F −1 t (a, ν) is a quantile of the conditional Student's t-distribution related to the probability of a and the degrees-of-freedom ν. For the out-of-sample period, we conduct a one-day ahead VaR forecast. To compare the results of the models, we use three different back tests.
The unconditional coverage test by Kupiec (1995, KUP) checks whether the number of VaR violations is correct. Pérignon & Smith (2008) suggest to extend the KUP test to jointly evaluate more than one quantile. We use their multivariate unconditional coverage test (MUC) at 1% and 5%. Finally, we incorporate the duration based procedure by Candelon et al. (2011, GMM) to test the independence of individual VaR violations. 6 We present the results of the back tests for each model and different currencies in long and short position in Table A .10-A.15. 6 For an overview of VaR tests with comparison of power see e.g. Piontek (2010 Piontek ( , 2013 . The worst result is achieved by the simple GARCH specification with almost half of the tests rejected (27). Hence, we advice practitioners to use a model which depicts the joint effect of long memory and structural breaks.
Conclusions
In this study, we examine the Polish Z loty, the Romanian Leu, the Swedish Krona, the Hungarian Forint, the Czech Koruna, and the Croatian Kuna whether their Euro exchange rates volatility exhibit true or spurious long memory. Firstly, we examine the exchange rates on structural breaks of their variance and find multiple break points in all series. The financial crisis caused a synchronized shock to the variance in all examined series. It is also found that central bank interventions cause structural breaks. In regard to these findings, literature suggests that structural breaks can lead to spurious long memory behavior. Secondly, we employ a refined test strategy to discriminate true from spurious long memory. In a first step, we test all time series on long memory in variance using the V/S test and find all series to exhibit long memory to a certain extend. In a second step, the long memory property is tested again, after filtering all series with a Markov Regime Switching model. 
